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Abstract 
Fixtures control the position and orientation of parts in an assembly process and thus significantly 
contribute to process capability that determines production yield and product quality. As a result, a 
number of approaches were developed to optimise a single- and multi-fixture assembly system with 
rigid (3-2-1 fixture layout) to deformable parts (N-2-1 fixture layout). These approaches aim at fixture 
layout optimisation of single ideal parts (as define by CAD model). However, as production yield and 
product quality are determined based on a production volume of real (non-ideal) parts. Thus, major 
challenges involving the design of a fixture layout for assembly of sheet metal parts can be 
enumerated into three categories: (1) non-ideal part consideration to emulate real part; (2) ‘N-2-1’ 
locating scheme due to compliant nature of sheet metal parts;  and, (3) batch of non-ideal parts to 
consider the production process error at design stage. 
This paper presents a new approach to improve the probability of joining feasibility index by 
determining an N-2-1 fixture layout optimised for a production batch of non-ideal sheet metal parts. 
The proposed methodology is based on: (i) generation of composite parts to model shape variation 
within given production batch; (ii) selection of composite assembly representing production batch; (iii) 
parameterisation of fixture locators; and (iv) calculation of analytical surrogate model linking 
composite assembly model and fixture locators to probability of joining feasibility index. The 
analytical surrogate model is, then, utilised to maximise the probability of joining feasibility index 
starting from initial fixture locator layout. An industrial case study involving assembly process of 
remote laser welded door assembly illustrates and validates the proposed methodology. 
 
Keywords: Shape error modelling, Batch of sheet metal parts, N-2-1 fixture design optimisation, Surrogate model 
1 Introduction 
Assembly fixture plays a significant role to achieve desired dimensional and joining qualities (Key 
Product Characteristics - KPCs) of assembled product where fixture design parameters act as Key 
Control Characteristics (KCCs). Fixtures are being used to provide accurate locating scheme to the 
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parts or subassemblies being assembled as well as to avoid shape variation in the assembly. It has been 
demonstrated that fixtures have large impact on product dimensional and geometric / shape variation 
and, subsequently, on product yield (Phoomboplab and Ceglarek, 2008; Das et al., 2014). This is 
especially true for assembly processes of sheet metal parts produced by plastic deformation processes 
which lead to significant shape variations (also called non-ideal part) due to mainly spring-back, 
forming process parameters variations, tooling errors. Additionally, due to the compliance of sheet 
metals, parts can get deformed and cause variation in assembly processes (Li et al., 2001). For 
example, excessive variations in automotive enclosure panels may cause fundamental problems such 
as unnecessary closing effort, improper fit causing vibration and noise, air leakage as well as poor 
aesthetic appearance due to misalignment (Ceglarek et al., 2004; Camelio et al., 2004a; Huang et al., 
2014). Subsequently, the shape variation management is a key issue in current industrial 
manufacturing and assembly process as it has direct impact on the product quality, cost and time-to-
market. To be competitive in the market, proper shape and part management through robust fixture 
design is inevitable prerequisite to minimize the defects caused by variation during manufacturing and 
product usage.  
The locating principle ‘3-2-1’ is widely used in industries to locate rigid body parts quite uniquely 
without creating locator interferences (Lowell, 1982; Shirinzadeh, 2002). Variety of research literature 
exists in field of fixture design considering ‘3-2-1’ part locating scheme which are mainly focused on 
designing and optimising fixtures for machining operations (Youcef-Toumi et al., 1988; Menassa and 
DeVries, 1991). Further, Rearick et al. (1993) introduced deformable sheet metal parts and they 
proposed a technique combining the nonlinear programming and FEM for determining the best fixture 
locations. Beyond the first requirement of part placement and constraining the rigid body motion, the 
fixture should also be able to limit any part deformation. Unfortunately, compliant sheet metal parts 
cannot be controlled through ‘3-2-1’ scheme which require increased number of locators to ‘N-2-1’ to 
minimise geometric deviation (N>3). For compliant part fixturing, Cai et al. (1996) proposed ‘N-2-1’ 
locating principle which allows to prevent excessive deformation of sheet metal parts by defining N 
locators on the primary datum. Camelio et al. (2004a) presented a new fixture design methodology for 
sheet metal assembly processes focusing on the impact of fixture position on the dimensional quality 
of sheet metal parts after assembly by considering the effect of part variation, tooling variation and 
assembly spring-back. A number of research focuses on joining process considering resistance spot 
welding and single part errors (Cai, 2008; Li et al., 2008a; Li et al., 2010; Liu and Hu, 1997). In case 
of laser welding, fixture plays a vital role by providing the degree of metal fit-up required to join the 
mating parts together. Li et al. (2001) proposed a prediction and correction methodology integrated 
with FEM for fixture design for laser welding where the objective function is to minimise the degree 
of Metal Fit-up (DMF), which is the maximum distance between mating nodes in weld joints. 
Few attempts have been made over the years to optimise fixture design considering the metal fit-up 
problem of compliant sheet metal assembly and the parts’ shape variation (Li et al., 2001). 
Undoubtedly, a batch of sheet metal parts produced through metal forming process may be affected by 
within batch or batch-to-batch variation which leads to quality loss of the final assembly. For example, 
some assembly joining processes, such as Remote Laser Welding (RLW), part variation strongly 
affects the final product performance which is imputed to part-to-part gap (Ceglarek, 2011). Therefore, 
a systematic fixture design approach is demanded to mitigate the part-to-part variation as coming from 
the real manufacturing process. Existing methods (Li et al., 2007; Li et al., 2003; Cai, 2006; Cai et al., 
2005) for fixture design optimisation are based on single ideal/non-ideal compliant assembly models 
which are not sufficient to mitigate the error components associated with batch of assemblies. 
Robust fixture design is to make the output results insensitive to shape variation considering batch 
of parts to improve the product and process performance. The objective of this paper is to develop a 
novel robust methodology for fixture design optimisation by addressing a batch of non-ideal compliant 
assemblies. The proposed methodology is based on the concept of composite part (Das et al., 2015) 
which mainly quantifies the main shape error patterns/modes into composite parts coming from a 
Fixture Design Optimisation Das, Franciosa and Ceglarek
158
  
batch of parts. Composite part can be defined as the part composed of all the major significant shape 
error components present in the population. In reality, the composite part may not exist but it reduces 
the efforts required for assembly process simulation as it composed of all the major shape error 
components. The composite parts and initial fixture locator strategies are taken as input for fixture 
modelling. The methodology involves selection of composite assemblies and optimisation to obtain 
the robust layout of the fixturing elements (i.e., location of clamps). Therefore, it allows to optimise 
not only single assembly but batch of assemblies which presumably represents the production 
population and identifies robust fixture design parameters through optimisation to maximize the 
probability of joining feasibility index. A significant gap in the literature has been identified to 
optimise fixture design of non-ideal compliant parts. Table 1 reviews the state of art of the existing 
methods for fixture design optimisation. 
The paper has been arranged with the following sections: Section 3 describes the methodology 
which includes the overview of the shape error quantification for batch of parts, composite assembly 
selection strategy and optimisation formulation. Section 4 demonstrates the applicability through 
industrial cases with remote laser welding. Further, section 5 summarises the conclusions. 
 
 Fixturing Scheme ‘3-2-1’ fixture ‘N-2-1’ fixture 
Single part error 
based assembly 
Rearick et al. (1993); 
Ceglarek (1998); Li et al. 
(2008b) 
Cai et al. (1996); Cai (2008); Camelio et al. 
(2004a); Li et al. (2001); Li et al. (2008a);  Li et al. 
(2010) ; Yu et al. (2008); Franciosa et al. (2011) 
Batch of parts error 
based assembly - Proposed in this paper 
Table 1: Review of fixture design methods with current research gap 
2 Fixture Optimisation Methodology Overview 
The proposed methodology is composed of three stages. Firstly, part shape variation is determined 
using part measurement data for batch of parts through quantifying the shape errors into few 
composite parts; and initial process configuration, i.e., joint locations, initial fixture locations (clamps, 
support blocks, locators etc.) are as 
initial process input. Thereafter, the 
finite element modelling for fixture 
simulation has been performed 
considering composite parts, fixture 
elements and contact pairs using 
Variation Response Method (VRM) 
software which is a Matlab™ based 
finite element modelling software 
toolkit with capabilities of fast 
modelling specific features required by 
assembly process (Franciosa et al., 
2015). VRM is a new comprehensive 
methodology for dimensional 
management of assembly processes with 
compliant non-ideal parts which allows 
to analytically model the product-to-
process interaction. At this stage, fewer 
composite assemblies have been Figure 1: Overview of fixture design optimisation methodology. 
Initial Process Information
(CAD specs, Locator Strategy)
Part Measurement
(Batch of Parts)
2.1 Batch of Parts Modelling 
• Statistical Geometric Modal Analysis (SGMA)
• Composite Parts
Optimum Layout
2.2 Composite Assembly Selection
• Composite Assemblies with Map Index (MI) →Eq. (3)
• Correlation Criteria Based Clustering →Eq. (5)
• Entropy Based Assembly Selection →Eq. (8)
2.3 Optimisation Strategy Formulation
• Analytical Surrogate model development
• Maximise Joining Feasibility Index →Eq. (10)
VRM Modelling Environment
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selected which quantifies the batch errors. Finally, the nonlinear optimisation has been carried out on 
the defined KPCs to obtain the optimised fixture layout by varying the KCCs (clamp locations). 
Optimiser updates the variables that are KCCs of the process to maximise the joining feasibility index. 
Figure 1 illustrates the fixture design optimisation methodology considering batch of parts and initial 
process information under the VRM modelling environment.  
2.1 Batch of Parts Modelling Overview 
To characterise and quantify the part shape variation associated with a batch of parts, Das et al. 
(2015) developed Statistical Geometric Modal Analysis (SGMA) methodology which identifies the 
main shape error patterns present in the individual parts and merge them together using different 
criteria to create composite parts. The main objective of SGMA method is statistical characterisation 
of a batch of parts which are representative of production population. The individual part error modes 
are parameterised by means of its amplitude. The shape error modes are statistically characterised 
using non-parametric Kernel Density Estimator (KDE) which provide more accurate depiction of the 
shape variation. Data dimensional reduction approach, such as, Principal Component Analysis (PCA) 
has been utilized to extract deformation patterns from production data (Camelio et al., 2004b). 
However, PCA based decomposition is not suitable for shape error characterisation as it is incapable 
for detection of process shift in primary data set or presence of different shape errors in the data 
(Matuszyk et al., 2010). Unfortunately, real process of part stamping clearly exhibit different grouping 
of shape errors in within-run production and process shift in batch-to-batch production. Therefore, the 
measured part errors need to be decomposed independently to provide more accurate estimation of 
underlying shape errors. The SGMA method eliminates the challenges and model batch of parts error 
more accurately.  
The proposed SGMA methodology involves significant modes identification from a batch of parts, 
statistical characterisation of extracted modal signatures. The quantification of shape variation 
engraved with a batch of parts has been achieved through synthesising composite parts which are 
composed of major error components from the batch. Relying on the energy compaction criteria, a 
number of composite parts can be created where the composite parts contain the major shape errors 
present in the batch of parts. The overview of the SGMA method for composite part creation has been 
shown in Figure 2. Further, depending upon the type of shape error modes present in the batch of 
parts, using K-means clustering process, the parts are grouped in few clusters exhibit similar type of 
errors. Thereafter, energy 
compaction criteria have been 
applied to obtain the composite 
parts for each cluster. Therefore, 
using maximum, minimum and 
average energy compaction 
criteria, three composite parts 
created for each cluster. These 
composite parts behave 
differently in assembly system 
due to the part-to-part 
interaction. The proposed SGMA 
method has been applied to 
model and quantify part shape 
variation of a batch of sheet 
metal parts produced by 
stamping process and these 
composite parts are used for 
fixture design optimisation.  
Figure 2: Overview of the SGMA method (i) batch of parts 
measurement, (ii) SGMA method and statistical characterisation, and (iii) 
synthesis of composite part using SGMA. 
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2.2 Composite Assembly Selection 
Relying on the creation of composite parts and number of parts present in an assembly, several 
different composite assemblies can be created by considering the exhaustive combination of all 
composite parts. For example, in an assembly operation M number of parts (ܲ ௠ܶǡ׊݉ ൌ ͳǡʹǡ ڮܯ) are 
to be joined which is consist of ܰ ௦௧ number of KPCs ሺܭܲܥ௜ǡ ׊݅ ൌ ͳǡʹǡڮ ௦ܰ௧ሻ, where ݉  represents the 
part id and ݅ represents the ith KPC in the assembly. The assembly consists of L number of KCCs. 
Therefore, depending upon the types of shape error present in a batch, parts may be grouped into ܰ ௠ 
number of clusters. For each cluster, a total three composite parts can be created depending on 
maximum, minimum and average energy compaction criteria, i.e., ܥܲ ௠ܶǡ௠௔௫ǡܥܲ ௠ܶǡ௠௜௡ǡ ܥܲ ௠ܶǡ௔௩௚. 
Therefore, the assembly system can be written as 
^ `
^ `
^ `
^ `
^ `
^ `
,max ,min ,
,max,
,min,
: , 1, 2,
: , 1, 2,
: , 1, 2,
: , ,
:
:
:
i st
m
l
m m m avg
MAX m g
MIN m g
KPCs KPC i N
Parts PT m M
KCCs KCC l L
CompositeParts CPT CPT CPT
MaximumCompositeParts CPT CPT
MinimumCompositeParts CPT CPT
AverageCompositeParts
  
  
  
 
 
^ `, ,
, 1, 2, ; 1, 2,
AVG m avg g
m
CPT CPT
where m M g N
 
   
 (1) 
Therefore, depending upon the number of clusters modelled for all the parts present in the 
assembly, the combination of composite assemblies also increases. The number of obtained composite 
assemblies can be formulated as 
^ `: MAX MIN AVGCompositeAssembly CA CPT CPT CPT    (2) 
As the each fixture simulation is time expensive, optimisation based on all composite assembly 
combination becomes computationally inefficient. Therefore, it emphasises on selection of few 
composite assemblies which are representative of all other assemblies. In order to reduce the assembly 
number for optimisation, two different criteria have been proposed: (i) Correlation Criteria Based 
Clustering and (ii) Entropy Based Assembly Selection. 
2.2.1. Correlation Criteria Based Clustering  
All combinations of composite parts are determined as per equation (2) to create complete set of 
composite assemblies. In order to achieve reduced number of composite assemblies for optimisation, a 
correlation threshold based clustering criteria introduced. It involves clustering of composite 
assemblies based on similar KPC Map Index (MI). MI depends on the type of KPCs selected such as 
point deviation, part-to-part gap distribution, surface area deformation etc. Considering the initial 
locator strategy (KCCs), such as given clamp layout and NC blocks, an initial fixture simulation 
provide part-to-part KPC map index for all the composite assemblies, ܥܣ. A map index of a given iih 
KPC (ܭܲܥ௜) of jth composite assembly can define as a function, 
, ,( ,  )i j i jMI f CA KCC  (3) 
where the function ‘f’ denotes the fixture simulation process composed of part-to-part interaction, 
boundary constraints, contact pair detection and part/assembly flexibility. Equation (3) represents the 
fixture simulation process with map index as an outcome.  
Subsequently, considering all the defined KPCs in the assembly, a total MI for the jth assembly can 
be evaluated as, 
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,
1
stN
j i j
i
TMI MI
 
  (4) 
Similar error contained assemblies are expected to exhibit similar MI as all other parameters are kept 
constant. The correlation coefficient (ߩ௝ǡ௞) between two assemblies (j and k) can be estimated as,  
, 2 2
cov ,j k
j k
j k
TMI TMIU V V  (5) 
where, ݆ ് ݇  and ߪ௝ , ߪ௞  represent the standard deviations of the total map index of ݆௧௛  and ݇௧௛ 
assembly respectively. 
Therefore, the correlation matrix has been determined for all composite assemblies and a user 
defined correlation threshold, ߙ, has been applied to group the assemblies having the similar KPC map 
index. The composite assemblies can be clustered into fewer groups consist of similar type of map 
index distribution. This implies that one assembly from the specific cluster can be chosen for the 
optimisation and the obtained result should be optimum for all the assemblies belong to that cluster. 
2.2.2. Entropy Based Assembly Selection  
To select one representative assembly from each cluster for optimisation, entropy based selection 
criteria has been introduced. The analysis of the MI’s content can be performed by borrowing tools 
that have been developed in the field of information theory. In particular, it is proposed to determine 
the Information (I) contained on MI, calculated for the ݅ ௧௛ MI of ݆ ௧௛ assembly (ܯܫ௜ǡ௝) as (Suh, 2005), 
, 2 ,logi j i jI p   (6) 
where ݌௜ǡ௝  represents the probability of satisfying the joining requirements of ܯܫ௜ǡ௝ . This can be 
estimated as the ratio between the numbers of points in a MI satisfying the joining requirements over 
the total number of points of the MI. The closer ܫ is to zero, the more likely that the parts can be joined 
in that particular surface. The entropy (ܪ) for a complete assembly having ௦ܰ௧ number of KPCs can be 
calculated, following Shannon’s definition involving the quantification of information by measuring 
the uncertainty in a MI, as (Cover and Thomas, 2006), 
, ,
1
stN
j i j i j
i
H p I
 
 ¦  (7) 
The entropy of an assembly reflects the probability level of satisfying the KPC criteria. One the 
other hand, higher the entropy value implies higher difficulty to satisfy the KPC. Therefore, for the 
selection of representative assembly from each cluster, the assembly with highest entropy value has 
been selected for optimisation. The Selected Composite Assembly (ܵܥܣ) for optimisation for ܽ௧௛ 
cluster can be written as ܵܥܣ௔ ൌ ݉ܽݔ൛ܪ௔ǡ௣ൟ, where ݌ represents the ݌௧௛  assembly in that cluster. 
Subsequently, the total number of selected composite assembly for optimisation can be estimated as 
^ `; 1,2,a clSCA SCA a N    (8) 
where ௖ܰ௟ represents the number of cluster after the correlation based clustering process. 
2.3 Optimisation Strategy Formulation 
The optimisation strategy has been developed relying on the KPC MI satisfying criteria. All KPCs 
are to be satisfied to achieve good quality assembly, i.e., the KPCs should satisfy the specification 
limit defined by the process. The optimisation strategy has been formulated with changing the 
locations of the KCCs to obtain the satisfactory MI criteria at ሺܭܲܥሻ to maximise the probability of 
joining feasibility index (݌). The probability of satisfying the KPC requirement is defined as 
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No.of points satisfying requirement at 
Total number of points defined at 
KPCp
KPC
  (9) 
The optimisation can be formulated as maximization of the probability of joining feasibility index, as 
1
min max  , ,   1, 2,
stN
i
l l l
maximise p
sub to KCC KCC KCC where l L
 
§ ·¨ ¹¸©
ª º   ¬ ¼
¦
 (10) 
where KCCs are controlled within the design space (ܭܥܥ௟ ൌstarting clamp position [‘0’ in coded 
value] and ܭܥܥ௟= end clamp position [‘1’ in coded value]) as per the product design guidelines and 
constraints. The optimisation is performed in two steps: (i) an analytical surrogate model is developed 
representing the probability of joining feasibility index, and (ii) the surrogate model is, then, utilised to 
maximise the probability of joining feasibility index.   
3 Industrial Case Study and Results 
The developed methodology with composite 
assembly has been validated with industrial case study. 
The hinge reinforcement part assembled with main door 
inner frame to provide sufficient strength to hold the 
door with main automotive body frame and also to avoid 
deformation of the door inner panel during 
opening/closing of the door. The assembly configuration 
of hinge reinforcement part and door inner panel has 
been shown Figure 3. To enable remote laser welding 
(RLW) joining process, the required gap or clearance 
between the two parts required to be 0.35 mm, i.e., the 
gap between the hinge reinforcement and door inner 
panel should be within 0.35 mm to ensure the joining 
quality standards. As per the product design 
specification, the assembly is composed of total 13 RLW 
stitches with an initial fixture layout of 16 clamps and 14 
NC blocks to support the assembly joining process. The 
part-to-part gap map (GM) along the stitch length has 
been used as map index (MI).  
3.1 Composite Parts for Hinge Reinforcement and Inner Panel 
Composite parts are created utilising SGMA technique for hinge reinforcement and door inner 
panel parts. The hinge component is grouped into two clusters based on the shape error contained in 
the measured parts and composite parts are created for these two clusters using maximum, minimum 
and average energy compaction criteria as shows in Figure 4. Therefore, it shows that hinge part 
measurement mainly has two groups of shape errors and composite parts from these groups can be 
utilised instead of individual parts. The obtained map index (MI) or gap map ሺ
ሻ  for 13 RLW 
stitches considering hinge composite parts of cluster 2 and individual hinge parts belong to cluster 2 
assembled with nominal inner panel are plotted in Figure 5(a). The upper boundary limit shows that 
every gap map distribution should be under 0.35 mm to ensure good quality joint or to maximize the 
probability of joining feasibility index. 
Figure 3: Door inner panel and hinge 
reinforcement assembly configuration. 
Hinge 
Reinforcement
D
oor Inner Panel
Clamps and NC 
blocks
RLW Stitches
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From Figure 5 gap map, it shows that maximum 
and minimum energy compacted composite parts 
create a boundary for the individual hinge parts 
where the average energy compacted composite part 
behaves more likely average gap distribution. 
Therefore, optimisation based on the composite parts 
will be sufficient enough to optimise the all 
individual parts belong to the cluster. Further, only 
maximum and minimum energy compacted 
composite parts may be selected for the optimisation 
which is actually helping to satisfy the boundary gap 
map distribution. Similarly, the door inner panel 
exhibit three clusters and each cluster consist of 
maximum, minimum and average energy compacted 
composite parts. 
 
 
Figure 5: Gap map (GM) for (a) composite parts of hinge cluster 2 and individual hinge parts belong to the 
cluster assembled with nominal door inner (b) composite assemblies of inner cluster 1 and hinge cluster 2 with 30 
randomly generated variation hinge-inner assemblies. 
 
A gap map has been generated considering assembly of variational hinge belongs to cluster 2 and 
variational inner belongs to cluster 1. A total of 30 assemblies have been created through randomly 
selecting variational hinge and door inner panel from the respective cluster and the gap map is plotted 
with composite parts in Figure 5(b). Composites assemblies have been created by combining the 
composite parts of hinge and door inner respectively. It shows that only composite parts can be 
selected for assembly fixture optimisation. 
3.2 Composite Assembly Selection 
Depending upon the number of components belong to an assembly as well as the number of 
clusters present in each component, the number of composite assemblies for optimisation also 
increases which is not again computationally efficient. To overcome this challenge, correlation criteria 
based composite assembly grouping technique has been adopted and assembly entropy based selection 
criteria has been introduced to select representative assembly from each assembly cluster. 
For the hinge reinforcement and door inner panel assembly optimisation, total 24 assemblies  have 
been created considering maximum and minimum energy compaction criteria. Applying the initial 
clamps configuration, gap maps have been determined for all the 24 assemblies. Subsequently, the gap 
map based correlation matrix has been developed to identify the similarity among the assemblies and 
cluster them according to correlation coefficient based threshold value (Ƚ). For this case study, the 
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Figure 4: Composite parts synthesis for hinge part. 
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correlation threshold, Ƚ ൌ ͲǤͻ͵, has been applied to identify the similar gap map based assemblies and 
group them into clusters. The higher correlation threshold will increase the number of selected 
composite assemblies for optimisation which may be unnecessary as similar type of multiple 
composite assemblies will be included resulting in higher computation time. On the other hand, lower 
threshold will eliminate few assemblies from the optimisation process resulting in single assembly 
present in multiple composite assembly cluster set. Therefore, the correlation threshold has been 
chosen such that the composite assemblies are become mutually exclusive to each cluster.  
Based on the correlation cut-off, total 7 clusters have been obtained and the entropy associated 
with the each assembly in the cluster has been evaluated. Therefore, for this case study, total 7 
composite assemblies (one per cluster) have been selected based on highest entropy value for 
optimisation.   
3.3 Optimisation Set up for Composite Assemblies 
The optimisation strategy for this case study has been illustrated in two stages, firstly, selection of 
stitches which are going out of the upper boundary specification limit. From the initial clamp 
simulation, it has been observed that 6 out of total 13 stitches are violating the upper specification 
limit. Therefore, those 6 stitches, ^ `1, 2, 4, 5, 8, 9KPC RLW RLW RLW RLW RLW RLW are selected for 
optimisation as the other stitches are already satisfying the joining feasibility index. 
Initial clamps sensitivity analysis has been performed to identify the effect of clamp movement 
(KCCs movement) on the stitches (KPCs). Subsequently, the clamps (KCCs) related to those out-of-
bound stitches have been identified and they are made as movable clamps and rest of the clamps are 
kept in their original position as fixed clamps. For this case study, there are 5 movable clamps and 11 
fixed clamps, summing total 16 clamps (KCCs) to ensure gap map criteria. The movable clamps are 
responsible to mitigate risk associated with out-of-bound stitches. The other clamps are kept as fixed 
position as it is already satisfied the gap requirement criteria for assembly. Therefore, by obtaining the 
optimal position of KCCs will satisfy the global joining feasibility index. A pictorial view of the 
stitches as well as the initial clamp location is depicted in Figure 7(a). The clamps are made to move 
along the flange side and parameterised in between start position ‘0’ and end position ‘1’ (KCC  [0, 
1]). 
The optimisation has been performed based on maximisation of probability of joining feasibility 
index as per the defined in 
equation (10). The analytical 
function based surrogate 
models are plotted in Figure 
6 where the responses are 
quite complex in nature. It 
depicts the relationship of 
clamps to probability of 
joining feasibility index. 
Genetic algorithm has been 
selected as optimiser to 
maximize the probability of 
each RLW stitch for all 
selected composite 
assemblies.  
The clamp locations have been optimised to maximise the total joining probability considering all 
the selected composite assemblies (  ). Figure 7(b) shows the optimised clamp layout with 
optimised position of clamps with the gap colour map of selected composite assembly 1 (ଵ). 
Figure 7(c) depicts the pictorial clamp movement and Figure 7(d) reports the optimised movable 
Figure 6: Probability of joining feasibility index plot (surrogate model) for 
selected composite assemblies (a) with respect to KCC1 and KCC2, and (b) 
with respect to KCC4 and KCC5. 
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clamp location. The optimal clamp layout has been applied on all the selected composite assemblies 
and gap distribution of critical stitches have been plotted in Figure 8(a). The clamp layout results in 
probability of joining feasibility index as 0.949 for all stitches. 
 
Figure 7: Hinge reinforcement and door inner panel composite assembly (a) initial clamp layout, (b) optimised 
clamp layout, (c) clamp movement, and (d) optimised clamp location values. 
 
The state-of-art modelling approach for batch of parts optimisation, such as Monte-Carlo based 
optimisation requires thousands of variational assembly instances. This large number of assemblies 
implies time consuming simulation process. To compare the Monte-Carlo based simulation with 
proposed methodology based simulation, the optimal clamp locations have been used with all other 
identical parameters to obtain the gap maps. 
 
 
Figure 8: Gap map ሺܩܯሻat optimised clamp location for (a) selected composite assemblies, and (b) 50 Monte-
Carlo based assemblies. 
The gap maps of selected stitches have been plotted for 50 Monte-Carlo based assemblies in 
Figure 8(b) and shows that the gap behaviour is same as composite assemblies. The probability of 
joining feasibility index for Monte-Carlo simulation is 0.977 based on 1000 assemblies generation 
which is slightly higher than the composite assembly based optimisation result, i.e, 0.949. Therefore, 
the obtained result implies that composite assembly based optimisation provides more robust solution 
Initial Clamp Layout
(a)
RLW9
RLW8
KCC4
KCC5
Optimisation
RLW1
RLW2
RLW4
RLW5
KCC1
KCC2
KCC3
1.5
1.0
0.5
0.0
GAP 
[mm]
KCC4
KCC5
KCC1
KCC2
KCC3
Variable
Clamps
(KCC)
Range of 
Movement 
in code
Optimised
position
KCC1 [0, 1] 0.45
KCC2 [0, 1] 0.8
KCC3 [0, 1] 0.75
KCC4 [0, 1] 0.4
KCC5 [0, 1] 0.45
(c)
(d)
initial clamp position
(Coded value = 0)
end clamp position
(Coded value = 1)
Optimum clamp position
(Coded value = 0.45)
Optimised Clamp Layout
(b)
Upper Boundary
RLW Critical Stitches
G
ap
 M
ap
 [m
m
]
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
RLW1 RLW2 RLW4 RLW5 RLW8 RLW9
Upper Boundary
RLW Critical Stitches
G
ap
 M
ap
 [m
m
]
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
-0.1
RLW1 RLW2 RLW4 RLW5 RLW8 RLW9
(a) (b) 
Fixture Design Optimisation Das, Franciosa and Ceglarek
166
  
and it can substitute the Monte-Carlo based simulation for sheet metal assembly fixture design 
optimisation considering batch of parts.  
4 Summary and Conclusions 
This paper has presented a new fixture design optimisation methodology for non-ideal compliant 
assembly with batch of parts. The proposed methodology significantly explores the following areas: 
x modelling of batch of parts with shape variation can be used for fixture design 
optimisation; 
x fixture design optimisation considering batch of non-ideal compliant parts improves final 
assembly quality by reducing the impact of batch variation on product performances. 
The proposed methodology can be applied on other types of production fixture which involves 
compliant non-ideal sheet metal parts in various sectors such as automobile, aerospace, rail and home 
appliances. It integrates: (i) composite part model based on significant modes within the production 
batch; (ii) selection of composite assembly by correlation and entropy criteria; (iii) maximization of 
the probability of the joining feasibility index.  
The developed methodology fulfils two objectives: (i) fixture design optimisation by addressing a 
batch of non-ideal compliant assemblies which presumably represents the production population and 
identifies robust fixture design parameters through optimisation; (ii) replacement of time expensive 
Monte-Carlo based simulation to eliminate thousands of variational assembly instances based 
simulation. Further work will be focused on batch to batch variation and the impact of part variation 
on fixture re-configurability. 
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